Using a cross-section data set of manufacturing firms in Korea and the U.S., this paper explores the most significant factors that determine firm default during the periods of 1991-2001 and 1991-2003, respectively. Based on the findings, a probit default model is constructed to perform better than two default prediction models such as Altman's z-score model and the new Altman z-score model. To improve the predictive power, z-score is incorporated into the model as one of the explanatory variables with other significant default factors, which can provide additional information in predicting bankruptcy. It is found that z-score, leverage, and short-term debt ratios are the most important determinants of default for firms in both Korea and the U.S. However, soft budget constraint (SBC), defined as the ability of a firm with a low z-score to obtain short-term bank loans, and ownership concentration (ownership by the largest shareholders) are identified as strong indicators of the likelihood of bankruptcy only for Korean firms. Moreover, based on these and other significant default factors of age of a firm, export ratio, and inventory ratio, the probit default model for both Korean firms and US firms is found to perform better than the two Altman models. This suggests that the additional information gained from the z-score and the non-financial default factors in the default regression model can help improve the predictive power of a default prediction model.
Ⅰ. Introduction
Bankruptcy generally results from financial distress, i.e., insolvency, when the market value of a firm's assets is insufficient to pay its total debt. Prolonged unprofitability exacerbates a firm's insolvency, which eventually causes bankruptcy (Pompe and Bilderbeek, 2005) . Many studies have focused on finding the determinants of a firm's bankruptcy. For example, financial ratio analysis has been widely used to predict a firm's bankruptcy based on univariate (Beaver, 1966) and multivariate (Altman, 1968; Altman et al., 1977) approaches. They find that the ratios in the categories of profitability, liquidity, and leverage are important indicators of predicting bankruptcy. 1) 1) Beaver (1966) identifies the following financial ratios as most significant in predicting bankruptcy: X1 = cash flow / total debt, X2 = net income / total assets, X3 = total debt / total assets, X4 = working capital / total assets, X5 = current assets / current liabilities, and X6 = no-credit interval (defensive assets -current liability to fund expenditures for operations). Altman (1968) develops the z-score model, based on 66 US manufacturing firms from 1946 through 1965 and 5 financial variables. The model is
In another aspect, Daily and Dalton (1994) find that governance structures, such as the composition of the board leadership structure and the board of the directors, are related to a firm's bankruptcy. 2) Based on bankrupt firms in Canada, Thornhill and Amit (2003) find that environment, management, age, and size of a firm are important determinants of bankruptcy and that younger firms are more exposed to bankruptcy because they have less resources and financial management skills. However, Pompe and Bilderbeek (2005) find that it is more difficult to predict bankruptcy of young firms than old firms, i.e., established firms. They argue that young firms are small, less experienced, and financially weak, so when faced with financial distress, bankruptcy is more likely to occur unexpectedly compared to older and larger firms.
In addition, many bankruptcy models have been developed to better predict the likelihood of a firm's bankruptcy. Altman (1968) estimates the Altman z-score model based on the financial ratios proven to possess explanatory power in the univariate. Later, Altman et al. (1977) constructs the ZETA model that better predicts bankruptcy than Altman's z-score model. Johnson and Melicher (1994) expands a firm's financial state to three states -bankrupt, financially weak, and non-bankrupt -and find that the additional information provided by the multinomial model helps reduce misclassification error compared to the binomial model (two-state model of bankrupt and non-bankrupt firms). 3) More recently, using parametric defined as Z=1.2X1+1.4X2+3.3X3+0.6X4+0.999X5 from "Return on Investment Manual: Tools and Applications for Managing Financial Results" by Robert Rachlin (1997) et al. (1977) define X1 = EBIT/total assets, X2 = standard error of estimate of EBIT/total assets, X3 = EBIT/total interest payments, X4 = retained earnings/total assets, X5 = current assets/current liabilities, X6 = common equity/total capital, and X7 = total assets. 2) Through logistic regression by controlling for financial variables and firm size, they find that the interaction between a dual leadership structure (CEO/board chairperson) and a few independent directors has a significant effect on bankruptcy. 3) Using the financial variables of Beaver (1966) and Altman et al. (1977) , they show that the multinomial model performs and non-parametric approaches, Moody's (Sobehart and Stein, 2000; Kocagil and Reyngold, 2003) develops its own default prediction model and shows that it performs better than Altman's z-score model and other risk default models such as the hazard model or the univariate ROA (return on assets) model. 4) Denis and Mihov (2003) use Altman's z-score as one of the characteristics in identifying the debt source. They find that the credit quality of a firm is related to the choice of the type of debt. That is, a firm in good financial shape borrows from public sources, whereas a firm in financial distress borrows from non-bank private sources. A firm of average soundness borrows from banks. 5) Using the revised Altman z-score model (Altman, 2000) , Allayannis et al. (2003) analyzes the relationship of z-score (financial performance) to different types of debt, such as local currency debt and hedged and unhedged foreign currency debt. They find that both foreign currency debt and local currency debt hurt financial performance in the Asian financial crisis. 6) Based on firm-level panel data, Alexeev and Kim (2008) identify soft budget constraint (SBC) firms in Korea that increase their bank loans while having a low z-score. Recently, Kim (2016) finds that the z-score bankruptcy threshold is higher in countries with better quality of institutions. That is, the z-score bankruptcy threshold has been found to be higher in the U.S., which has a higher institutional quality than Korea.
Similar to previous studies, this paper also uses the z-score model in regression analysis and estimates a probit default model. In addition to other potential better in terms of the total number of misclassification errors than the binomial model. 4) Sobehart and Stein (2000) incorporate the financial statement and ratio data into the pure structure model (Merton model) and show a gain in accuracy. 5) Based on 1,560 new debt issues of 1,480 US public firms in 1995 and 1996, they observe that firms under financial distress (high chance of default), i.e., z-score less than 1.81 (bankruptcy threshold), take a higher proportion of borrowing from non-bank private sources (20.8%) than from banks (12.1%) or public sources (13.4%). 6) The revised z-score model excludes the sales/total assets ratio from Altman's z-score model in order to reduce the potential industry effect. The model can be used for evaluating the financial state of non-manufacturing US and non-US firms.
default factors, the z-score is incorporated into the model to improve the predictive power. To construct the probit default model, the paper examines the determinants of bankruptcy for manufacturing firms in Korea and the US, two countries with different institutional environments. This paper contributes to the existing literature by shedding light on how propensity to corporate default differs in the two countries. In addition, the probit default model is estimated by taking into account the z-score, which reflects the overall financial situation of a firm, as well as its non-financial aspects, such as concentration of ownership and SBC, which may help improve the ability to predict the likelihood of bankruptcy. It is found that z-score, leverage, and short-term debt are the most important determinants of default for firms in both Korea and the U.S. 7) For Korean firms, soft budget constraint (SBC) and ownership concentration are also identified as strong indicators of likelihood of bankruptcy, whereas they do not appear to be significant default factors for US firms. 8) This might be due to fact that the present study uses a relatively weak proxy for the SBC for US firms and the less likelihood of expropriation by an entrepreneur in the U.S., thanks to its more diversified ownership structure (Judge et al., 2008) .
Next, based on the significant default factors identified by probit default regressions, this study also constructs a default model for Korean firms and US firms and then compares their models' predictive power via Moody's power curve and accuracy ratio with the existing bankruptcy models such as Altman (1968) 's z-score model, which is a widely used benchmark model in literature and the new Altman z-score model, which is estimated by Kim (2016) . It is found that the default model outperforms other models with the greatest model 7) For Korean firms, leverage, short-and long-term debts, shortterm bank loans, and soft budget constraint (SBC) emerge as factors that increase the likelihood of default, whereas z-score, a firm's age, export ratio, and ownership concentration appear to reduce the likelihood of default. Details about SBC are discussed in Section Ⅱ. 8) The result for ownership concentration is consistent with the finding of Alexeev and Kim (2012) .
power, i.e., the highest accuracy for predicting bankruptcy. That is, the model performs better than a benchmark model of Altman's z-score model, which is solely based on financial variables. This suggests that using additional information obtained from the z-score and the non-financial default factors in the default regression model can improve the predictive power of a model. This paper is organized as follows. In Section Ⅱ, methodology for the empirical analysis is briefly discussed. In Section Ⅲ, variables, data, and sample selection for Korean and US firms are presented, default factors are identified, and default models are constructed. In Section Ⅳ, default model powers are explored via Moody's power curve and accuracy ratio, and compared with those of the two Altman models. Finally, Section Ⅴ presents the conclusion.
Ⅱ. Methodology
The Altman z-score model presents the overall index score for a firm's financial state and predicts the likelihood of its bankruptcy, which is indicated by its z-score falling below the z-score threshold for bankruptcy. 9) This implies that the overall financial state of a firm is an important indicator of bankruptcy. Hence, the z-score is included as one of the predictors in the default probit regression model along with other potential default factors. They may help to improve the model power by providing additional information in predicting bankruptcy.
To generate z-scores for Korean firms, a new Altman z-score model, which is developed by Kim (2016) based on the Altman (1968) method (discriminant function analysis), is used instead of 9) He initially finds a midpoint threshold (2.675) to test how well the model classifies firms, and suggests two bound thresholds (1.81 and 2.99). A firm with a z-score above 2.99 and below 1.81 is taken into account as unlikely and likely to go into bankruptcy, respectively. The likelihood of bankruptcy for a firm is uncertain between the two bounds, which is called the "gray area" or "ignorance zone".
Altman's z-score model. This is because the original Altman z-score model appears to less effective for predicting bankruptcy of Korean firms compared to US firms. 10) When Altman's z-score model is used to estimate the z-scores of Korean firms and to predict their likelihood of bankruptcy, the rate of correct classification (53.5%) is lower than that of US firms (83.3%) by about 30% points. 11) Moreover, the financial profiles of Korean firms may be different from those of the US firms that were used in estimating the original Altman z-score model. Another default factor that is included in the model is soft budget constraint (SBC). First introduced by Kornai (1979) , SBC has been discussed in many studies. 12) Dewatripont and Maskin (1995) state that the existence of sunk cost leads to SBC, i.e., an unprofitable project can be persistently financed due to the sunk cost. Berglöf and Roland (1997) argue that SBC is attributed to the sunk cost on existing loans and that, as a result, a credit crunch occurs on new loans. Xu (1998 and 1999) contend that SBC results from the interaction between banks and large firms, so that bad loans for bad projects keep accumulating and lead to firms' default. Alexeev and Kim (2008) find that SBC plays a role in preventing financially distressed firms from being removed from the market, especially before the financial crisis of 1998, that SBC significantly affects the default of Korean firms during the crisis, and that the phenomenon of SBC substantially drops after the crisis.
Above studies imply that SBC distorts information about a firm's financial state and that a firm under SBC is at a high risk of bankruptcy. For this reason, 10) For similar reasons, Altman et al. (1977) constructed the ZETA model. 11) The samples of 86 Korean firms (43 default firms and 43 non-default firms) and 60 US firms (30 default firms and 30 non-default firms) used by Kim (2016) are classified by a midpoint threshold (2.675). 12) Kornai (1979) defines soft budget constraint (SBC) under a socialized regime, describing it as allowing firms to grow regardless of their current and future financial state, while sustaining financial distress via bailouts for a longer period of time despite their unprofitability. SBC is also characterized as appearing not only in a transition economy, but also in a market-based economy (Kornai et al., 2003) .
SBC is also incorporated into default probit regression models as one of potential default factors. Alexeev and Kim (2008) define SBC as a condition under which a firm can borrow from banks even if it has a low Altman z-score. Similarly, this paper defines SBC as pertaining only to short-term bank loans, and a firm is classified as an SBC firm if it experiences SBC for at least one year in the sample period. 13) Also included are a firm's age, which is known to have a negative relationship to the likelihood of bankruptcy (Altman, 1993; Thornhill and Amit, 2003) , ownership variable, which is identified as an important determinant of the likelihood of bankruptcy (Alexeev and Kim, 2012) , and other potential default factors such as short-and long-term debts. Finally, based on the significant default factors found from regression analysis, a final default model is estimated, which improves the model performance. After that, how well the model performs is evaluated using Moody's two power metrics -the power curve and the accuracy ratio, and comparison is made with other default models such as the original Altman (1968) [LEVR] , several other financial debt ratios, and 6 non-financial control variables: the age of firm [FAGE] , investment ratio to total assets (t-1) [INVS] , export ratio to revenue (sales) [EXPO] , and ownerships by majority 13) Alexeev and Kim (2008) 's definition of SBC encompasses total bank loans, adjusted bank loans, and short-term bank loans. In order to determine SBC firms, they initially set the cutoff value of a low z-score (i.e., 10th-percentile) at 0.3, whereas it is found the cutoff value to be -0.73 for the entire sample (4,325 Obs. (3, 522 Obs.) . From this panel data, a cross-section sample (489 firms) is taken for use in estimating a default model. The sample for regression analysis is selected by matching defaulting firms to non-defaulting firms in terms of asset size. The data are thereby converted into cross-section data (489 Obs.), which consist of 108 default firms and 381 non-default firms. 17) Based on the sample, 14) See also Alexeev and Kim (2012) and Kim (2016) about these data. 15) "Default" means that a firm has filed for bankruptcy, is bankrupt, or has anything similar in its corporate history. 16) Eleven firms are identified as Chaebol firms in some years and as non-Chaebol firms in other years of the sample period. However, they are included in generating z-scores from the entire sample (4,325 Obs.) in order to identify SBC firms. The sample data are gathered only from manufacturing firms because Altman's z-score model was developed based on the manufacturing sector. 17) Sample selection is performed by matching non-default firms each firm's z-score and a SBC dummy variable in relations to the low z-score are generated by the new Altman z-score model of Kim (2016) and used in regression analysis with other variables. 18) My initial conjecture is that ZS, SBC, and LEVR are the most likely potential default factors. A higher z-score would presumably reduce the likelihood of bankruptcy because it means that a firm is in a better financial shape. Likewise, higher SBC and leverage increase the likelihood of bankruptcy because they indicate financial distress (low z-score) and financial burden, respectively. 19) These three variables are referred to as "basic" factors, and they are commonly included in default probit regression.
In addition to the three basic factors, other potential default factors are examined that are likely to be important in determining bankruptcy, and then based on them, a default model is found that best captures the likelihood of bankruptcy during the sample period. One of the distinct features of the model is that it uses not only bankruptcy information i.e., z-score that the Altman z-score model generates, but also new information gained from other variables, including non-financial variables in relation to bankruptcy, such as ownership structure, a firm's age, investment ratio, and export ratio. These new variables may provide additional information for to default firms as follows: First, 108 observations from 108 default firms (703 Obs.) are chosen for one year before the default year and then, given the observations, 108 observations from 381 non-default firms (3,522 Obs.) are paired with them based on asset size in the given year. Second, as in the first step, the remaining 273 non-default firms (2,391 Obs.) are matched as closely as possible to 108 default firms, weighted according to the distribution in each sample year. By repeatedly doing so, all 381 observations (non-default firms) are matched and finally selected. 18) Based on the cross-section sample of 108 default firms and 381 non-default firms, 86 firms (consisting of 43 firms in each group) are selected, and a new Altman z-score model is estimated via multiple discriminant analysis (MDA Notes: *, **, and *** denote that sample means are statistically different at the level of 10%, 5%, and 1%, respectively. ZS: Z-score, SBC: soft budget constraint, FAGE: age of a firm, INVS: the ratio of investment to total asset (t-1), EXPO: the ratio of export to revenue (sales), OWNS, OWNB, and OWNF: ownerships by majority shareholders, banks, and foreigners, respectively, LEVR: leverage, S(L)DTD: the ratio of short (long)-term debt to total debt, S(L)DTA: the ratio of short (long)-term debt to total assets, S(L)FLTD: the ratios of short (long)-term foreign loans to total debt, S(L)BLTD: the ratios of short (long)-term bank loans to total debt, S(L)FLTA: the ratios of short (long)-term foreign loans to total assets, S(L)BLTA: the ratios of short (long)-term bank loans to total assets, SF(B)LSD: the ratios of short-term foreign (bank) loans to short-term debt, LF(B)LLD: the ratios of long-term foreign (bank) loans to long-term debt. predicting bankruptcy and help improve the predictive power of the model. Prior to running regressions, the different characteristics of the firms in each group are examined from the variables to be used in the regression analysis. Table 1 summarizes their descriptive statistics and contrasts default and non-default firms for Korean firms. The last column shows the statistical differences between default and non-default firms in terms of ZS, SBC, OWNS, OWNB, LEVR, short-and long-term debt ratios [S(L)DTA], short-and long-term bank loan ratios [S(L)BLTA], the ratios of short-term bank loan to short-term debt and total debt [SBLSD and SBLTD, respectively] , and long-term foreign loan ratio [LFLTD] . As conjectured earlier, default firms possess much lower ZS and OWNS, whereas they are higher in SBC and LEVR. In the default group, the z-score is negative and far below the cutoff of -0.73 for a low z-score, which implies that default firms are quite financially distressed and burdened than non-default firms.
B. Default Factors and Default Model
Regression is performed using the variables explained in the earlier section to scrutinize the default factors and the default model. First, a "basic" default model is established by performing probit regression only on ZS, SBC dummy variable, and LEVR, which I believe are the most likely significant determinants of default. This is to observe whether the model correctly captures the sign and significance of the estimated coefficients. Second, by incorporating into the model the different types of financial debt ratios defined earlier, it is determined which debt ratios are significant factors of default to form a "partial" default model. Third, by adding 6 non-financial control variables to the partial default model, it is observed how the inclusion changes the significant factors and which control variables have significant effects on default. This is the "full" default model. Finally, a default model is estimated by running regression only on significant factors found in the full default model. In all regressions, it is checked for multi-collinearity in explanatory variables with three commonly used indicators: variance inflation factor (VIF), condition number, and determinant of the correlation matrix. 20) The basic default model estimates the significant coefficients for ZS, SBC, and LEVR, and correctly captures the negative effect of ZS and the positive effect of SBC and LEVR on default. 21) Moreover, it is found from the partial default model that the ratios of various types of debt to total assets are significant default factors, whereas the ratios of debt to total, short-and long-term debt are not significan t. 22) Accordingly, full default regression is performed 20) There is no consensus on detecting multi-collinearity. A rule proposed by Allison (1998) is followed that it is present if the variance inflation factor (VIF) is greater than 2. Moreover, a rule of thumb states that there is a concern of multi-collinearity if the condition number (the ratio of the largest eigenvalue to the smallest eigenvalue) is greater than 15 and the determinant of the correlation matrix is close to zero. Thus, if the condition number is one, there is no collinearity. These indicators are computed using the "collin" command in STATA. 21) The regression result from the basic default model is available upon request.
on basic factors, financial ratios of debt to total assets, and control variables. The full default regression model describes the relationship between default and all potential default factors as follows:
where D, FV, and NFV represent default dummy variable, financial variables, and non-financial variables (control variables), respectively. Table 2 presents the regression results from the model. Equation 1 (Eq. 1) in the first column is included only to examine whether the financial ratios of shortand long-term bank loan or foreign loans to total debt are statistically significant in the full default regression. It shows that the debt ratios S(L)FLTD and S(L)BLTD are still not as significant as in the partial default regression. 23) Thus, it can be concluded that no types of debt to total debt are significant default factors in any of the regression models.
Equations 2 through 2-2 represent full default regressions. 24) They show that ZS, SBC, and LEVR 22) The partial default model is separately run on various ratios of debt to total debt and to total assets. In the regressions with the financial ratios to total debt, only LFLLD and LBLLD appear to be marginally significant at the level of 10%. Therefore, they are not taken into account as strong indicators of default at significance levels of 1% and 5%. In the regressions with the financial ratios to total assets, S(L)DTA and SBLTA appear to be statistically significant at levels of 1% and 5%, respectively, which implies that the ratios of debt to total assets are more likely to be important factors of default than are the ratios of debt to total debt. The regression results from the partial default models are available upon request. 23) This result may be spurious because the condition number is greater than 15. Thus, in order to completely remove the possibility of multi-collinearity, insignificant variables are excluded, such as ownership by banks, ownership by foreigners, and investment ratio, as well as one significant variable, FAGE, from control variables, and then the regression is run again. This reduces the condition number to 14.39, and the regression still generates insignificant debt ratios, leaving other variables significant. 24) Condition numbers in Equations 2 and 2-1 are slightly above 15, which implies some, but still acceptable, multi-collinearity. Regression is performed without putting S(L)DTA, S(L)BLTA, and S(L)FLTA together, due to the high correlation between SDTA and SBLTA (0.743) and between LDTA and LBLTA (0.794). When they are combined in regression, the condition number is 18.72, which may have led to spurious regression results. Notes: *, **, and *** represent the significance at the level of 10%, 5%, and 1%, respectively, and robust standard errors are in parentheses. The cutoff value of 0.5 is the expectation by chance, and 0.22 (108/489) is the random chance of default in the sample. ⍏represents the concern of collinearity. D: default dummy, ZS: Z-score, SBC: soft budget constraint, FAGE: age of a firm, INVS: the ratio of investment to total asset (t-1), EXPO: the ratio of export to revenue (sales), OWNS, OWNB, and OWNF: ownerships by majority shareholders, banks, and foreigners, respectively, LEVR: leverage, S(L)DTA: the ratio of short (long)-term debt to total assets, S(L)FLTD: the ratios of short (long)-term foreign loans to total debt, S(L)BLTD: the ratios of short (long)-term bank loans to total debt, S(L)FLTA: the ratios of short (long)-term foreign loans to total assets, S(L)BLTA: the ratios of short (long)-term bank loans to total assets. Equations 3-1 through 4-2 represent additional regressions for checking the robustness of the results from the full default regression models. In Equations 3-1 and 3-2, ZS is removed and LEVR in lag is added. 26) In Equations 4-1 and 4-2, ZS and LEVR, which are the most important determinants of default, are excluded. The regression results show that there is no substantial difference from those in previous regressions. That is, variables significant in Equations 2-1 and 2-2 appear to be still significant with identical signs, implying that the previous findings are robust. 27) 25) Krugman (1998) ascribes the financial crisis to financial institutions' excessive borrowing in the short-term and financing loans to highly leveraged firms. Xu (1998 and 1999) argue that bad loans continued to increase with the interaction between banks and large firms, and the large increase of bad loans caused bankruptcy and the financial crisis in Korea. 26) Due to the high correlations between LEVR and SDTA and between LEVR and LDTA, its lag value is used.
Among the full default regression models, Equations 2 and 2-1 are selected as best representatives because they incorporate all of the relevant default factors and correctly capture their effects on default. 28) The models exclude insignificant factors and regression is run only on the significant factors. The estimated final default models are presented in Table 3 . As expected, the coefficients are all statistically significant and a concern of collinearity does not arise. The models are almost indistinguishable in terms of fitness and the classification rate. Model A provides a slightly higher correct classification rate than Model B, with the cutoff at 0.5. 29) Model A is chosen as the final default model that best captures the likelihood of bankruptcy of Korean firms. 30) 27) The omission of two important variables seems to change the results in the last regression equation (Eq. 4-2). SFLTA, LFLTA, and LBLTA, which were insignificant, turn out to be significant factors, and the estimated coefficients have a higher impact on default. Thus, these are not considered as important determinants of default. 28) Equation 2-2 is not chosen not only because its predictive power is slightly lower than those of the other two equations, but also because SBC does not appear to be significant even though SBC is the most significant factor in other regression models. 29) Model A is more "comprehensive" than Model B in reflecting the relationship between debt ratios, since LEVR includes SDTA and LDTA. 30) Model B is also used for the purpose of comparison of model power with Model A in Section Ⅳ. In order to determine whether the significant factors found from default regressions actually help improve the power of the Altman z-score model, the new Altman z-score model is re-estimated with SBC, leverage, age, ownership structure, and export ratio. The results indicate that the discriminating power of the sample (84.9%) does not change. However, age, leverage, and export ratio do not show discriminating powers in univariate analysis. Moreover, even though SBC is expected to show a negative relationship with z-score because SBC increases the likelihood of default in probit regression, the sign of its coefficient is positive. Thus, the discriminant function is estimated again by dropping these variables and only including ownership structure, and the new discriminant function increases the predictive power to 87.2%. The final default model is also re-estimated by dropping ownership structure in order to observe its degree of importance, and the fitness and the predictive power of the final default model declines. These findings present evidence that ownership structure is an important determinant in predicting the likelihood of default and most likely helps improve the power of the default model.
C. Variables, Data, and Sample Selection for US Firms
As in the previous section, the same approach is applied to determine the most important default factors and a default model for US firms. The initial panel data are collected from the COMPUSTAT industrial annual database of North America from 1990 through 2003. 31) After removing inappropriate data from the initial data set, which comprises of 2,523 inactive firms (35,322 Obs.) and 2,990 active firms (41,860 Obs.), the sample for regression analysis is extracted from the final panel data set consisting of 84 default firms (364 Obs.) and 1,222 non-default firms (9,838 Obs.). 32) Initially, 84 observations in the year before default are selected from default firms, and 336 non-default firms are closely matched to 84 default firms in terms of asset size in a given year. Recall that the sample for Korean firms composes of 108 default firms and 381 non-default firms. Thus, instead of using all of the non-default US firms available in the final data set, the ratio between default and non-default firms (1:4) in the sample, similar to the ratio between the Korean counterparts (1:3.5) is maintained.
Unlike the process for analyzing Korean firms, z-scores are generated using the original Altman z-score model rather than the new Altman z-score model for US firms. 33) Based on the results, an SBC dummy variable is also generated. The SBC for US firms is defined using the same method deployed for Korean firms. That is, a firm is defined as an SBC firm if it increases short-term debt (debt in current liability) while having a low z-score in any year in the sample period. 34) 31) See Alexeev and Kim (2012) and Kim (2016) for more details regarding the data. 32) Inactive firms under Chapter 7 (liquidation) of the U.S. bankruptcy code or Chapter 11 (reorganization) are classified as default firms. 33) The original Altman z-score model is used because it is a benchmark model for predicting the likelihood of bankruptcy of US firms and that it has a high correct classification rate for US firms. 34) A low z-score is defined as less than the low z-score cutoff value (0.495), which is the 10th percentile of all z-scores Notes: *** denotes that sample means are statistically different at the 1% significance level. ZS: Z-score, SBC: soft budget constraint, FAGE: age of firm, OWNS: ownerships by majority shareholders, INVTA: the ratio of inventory to total assets, CAEXTA: the ratio of capital expenditures to total assets (t-1), CACL: the ratio of current assets to current liabilities, LEVR: leverage, S(L)DTD: the ratio of short (long)-term debt to total debt, S(L)DTA: the ratio of short (long)-term debt to total assets, SDCLTD, SDCLTA, and SDCLCL: the ratios of debt in current liabilities to total debt, to total assets, and to current liabilities, respectively. Because ownership data for US firms in the initial sample are not available in the COMPUSTAT database, data on ownership by firm "insiders" are extracted from another database, Compact D of the Securities and Exchange Commission (SEC). Out of 420 firms, 7 firms are unidentified in the database, so 413 firms (80 default firms and 333 non-default firms) are finally used in the regression analysis. In addition, some other unavailable variables are replaced by proxy variables. For example, debt in current liability ratios [SDCLTD, SDCLTA, and SDCLCL], which are defined as debt in current liability to total debt, to total assets, and to current liability, respectively, are used as proxy variables for the short-term bank loan and foreign loan ratios [SF(B)LTD, SF(B)LTA, and SF(B)LSD, respectively] previously used for Korean firms.
(10,232 Obs.) that include 93 default firms (394 Obs.) rather than 84 firms (364 Obs.). The number of firms and observations include 9 default firms (30 Obs.), which are excluded from the final panel data set as potential outliers that possess assets less than 10 million dollars or greater than 1 billion dollars in a year prior to default. Furthermore, three additional control variables are chosen to reflect firms' activity and liquidity: inventory ratio [INVTA] , capital expenditures ratio [CAEXTA] , and current ratio [CACL] . Inventory is one of the most important assets in an operating firm. INVTA is defined as inventory to total assets. Capital expenditures are investments in physical assets, such as equipment or machinery, to provide benefits to a firm. CAEXTA, which is defined as capital expenditures to total assets, is used as a proxy for the investment ratio. CACL, which is defined as current assets to current liability, is one of the measures of the extent to which a firm can pay short-term debt with short-term assets. This implies that if a firm has a current ratio of less than 1, it is likely to default. 35) Notes: *, **, and *** represent the significance at the level of 10%, 5%, and 1%, respectively, and robust standard errors are in parentheses. The cutoff value of 0.5 is the expectation by chance, and 0.19 (80/413) is the random chance of default in the sample. D: default dummy, ZS: Z-score, SBC: soft budget constraint, LEVR: leverage, FAGE: age of a firm, OWNS: ownerships by majority shareholders, INVTA: the ratio of inventory to total assets, CAEXTA: the ratio of capital expenditures to total assets (t-1), CACL: the ratio of current assets to current liabilities, S(L)DTA: the ratio of short (long)-term debt to total assets, SDCLTA, SDCLTD, and SDCLCL: the ratios of debt in current liabilities to total assets, to total debt, and to current liabilities, respectively. between default and non-default firms. All variables, except for OWNS, CAEXTA, and the short-and long-term debts to total debt ratios [S(L)DTD], are statistically different at the significance level of 1%. As with Korean firms, ZS is negative and lower in the default group, whereas LEVR and short-and long-term debt ratios are higher. Among control variables, CACL is lower in the default group, whereas INVTA is higher. In particular, LEVR and all short-term debt ratios except for SDTD are more than twice as high as in the default group, whereas ZS and CACL are substantially lower, which implies that the financially distressed firms are exposed to a higher risk of default than non-default firms and that these variables are likely to be significant factors for default.
D. Default Factors and Default Model
Regressions for US firms are performed similar to Korean firms using a full default model, which is based on the basic default model and the partial default model. The regression result from the basic model in the first column of Table 5 shows that ZS and LEVR are significant determinants of default, whereas SBC is not.
As in the basic model, ZS and LEVR appear to be significant, whereas SBC still does not, even in partial default regressions, based on three basic factors (ZS, SBC, and LEVR). 36) In addition, various types of debt ratios, both to total assets and to total debt, are statistically significant. Thus, full default regressions are separately run by adding four control variables defined earlier. However, the regression results only with short-and long-term debt ratios to total assets are presented here to be comparable to those of Korean firms.
Tables 5 present regression results in which ZS, LEVR, and short-term debt ratios are statistically significant at the level of 5% or 1% in all regressions, which implies that they are most likely to be important default factors. 37) However, SBC and ownership do not appear to be significant factors for default, except for SBC in Equations 2 and 2-1. 38) This is probably 36) Regression results from the partial default models are available upon request. 37) The regression results with ratios of short-and long-term debts to total debt are very similar. ZS, LEVR and short-term debt ratios such as SDTD, SDCLTD, and SDCLCL appear to be statistically significant. The regression results are available upon request. As with Korean firms, there are high correlations between LEVR and SDTA (0.775) and between LEVR and LDTA (0.633). Due to the likelihood of the multi-collinearity between them, LEVR is dropped from all regression equations, except for Equation 2-1. Long-term debt ratios appear to be significant in some equations and not in others. Thus, long-term debts are not considered as important factors of default.
because in the U.S. with its high quality of institutions, SBC may not be sufficient evidence of future default. Moreover, ownership does not matter much for bankruptcy, presumably because it is diversified and expropriation by "insiders" is less likely to occur (Judge et al., 2008) . Among control variables, only INVTA emerges as a significant default factor at the significance level of 1%, which implies that inventory piling up increases the likelihood of default. 39) In spite of the statistical difference in current ratio between default and non-default firms observed in Table 4 , it does not appear to be a significant factor of default. This is probably because default firms have the ability to pay back their short-term debts with short-term assets, as shown in the cases of default firms with current ratios greater than one.
Equations 3-1 and 3-2 in Table 5 represent additional regressions performed to check whether two different short-term debt ratios [SDCLTD and SDCLCL] that appear to be significant in the regression with the short-and long-term debt ratio to total debt are still important determinants of default in the regression with the financial ratios of shortand long-term debt to total assets [SDTA and LDTA] . They are added to Equation 3 separately. The regression results show that the addition did not change their significance. Therefore, based on the full default regression models, it can be concluded that ZS, LEVR, INVTA, and the ratios of short-term debt to total debt and total assets are the most significant default factors for US firms in the sample period. 38) SBC is unlikely to be a default factor for US firms because it does not appear to be statistically significant in most of the regression equations. In addition, only 38% of default firms and 4% of non-default firms in the sample are SBC firms, compared to 50% and 20%, respectively, for Korean firms. This implies that SBC is presumably a "weak" phenomenon in US firms. 39) The same regressions are run after replacing the inventory ratio with inventory turnover. It also appears to be statistically significant at the level of 1% with other factors unchanged and with the opposite sign of the marginal effect of the inventory ratio on default. This implies that a high inventory turnover decreases the likelihood of default. Among the full default regression models, Equations 2-1 and 3 are chosen as the best representatives of US firms because they incorporate all of the relevant default factors and correctly capture their effects on default, and they are comparable to those of Korean firms, which are estimated based on the financial ratios of various types of debt to total assets. From the models, only the significant factors are extracted and then, based on them, a regression is performed.
Panel A in Table 6 presents the final default models estimated separately. All estimates are statistically significant, and the concern of multi-collinearity does not arise. In addition, the fitness and the predictive power of the two models are very close to each other. The final default models in Panel B are also estimated based on the 420 observations in the initial sample before incorporating the ownership variabl e. 40) This is because the "k-fold test" for the robustness 40) Ownership structure is not identified as a significant determinant of model power requires that each "k-fold" subsample in Section Ⅳ should consist of default firms and non-default firms of equal size. The regression results are quite similar to the models in Panel A. Thus, models in Panel B are taken into account as the best representatives of the final default model for US firms. Between them, Model B provides a slightly higher correct classification rate than Model A, and Model B is chosen as the one that best captures the likelihood of bankruptcy of US firms. 41) of default in full regression. Thus, in addition to the 413 firms, 7 others selected in the initial sample before merging ownership in subsection C of Section Ⅲ are also used in the regression of the final default model. 41) Model A is also used for the comparison with Model B in Section Ⅳ. 
Ⅳ. Comparison of Model Power
A model that correctly classifies default and non-default firms with a higher accuracy rate is regarded as having a higher level of predictive power. Among many bankruptcy prediction models, Altman's z-score model is one of the most widely used benchmark models for predicting the likelihood of a firm's bankruptcy. Another popularly used model in relation to predicting bankruptcy is the hazard function model. Yang and Temple (2009) examine a firm's exit rate via a non-parametric estimation with a hazard function, and find that a firm's size is an important determinant. Moody's constructs default prediction models using both parametric and non-parametric approaches for public and private firms to estimate the probability of a firm's bankruptcy, and shows that its models perform better than Altman's z-score model, the hazard function model, and other existing credit risk models (Sobehart and Stein, 2000; Kocagil and Reyngold, 2003) .
Similarly, using two Moody's power metricspower curve and accuracy ratio -to compare the model powers of the final default model estimated in Section Ⅲ with those of the original Altman model and the new Altman model, this paper determines the model that provides the best performance. Table  7 summarizes the set of variables, methodologies, and composition of data for these models. As shown in the table, the first two models are estimated using different variables and methods, but with the same data, whereas the last two models are estimated using the same Altman variables and methods, but with different data. In order to make the model powers comparable, the same data set is applied to all three models in generating outputs (scores).
The first model is the "Probit Default Korea" model, which was estimated as a final default model from the probit regression in subsection B of Section Ⅲ. The second model is the "New Altman Korea" model, which was re-estimated using the discriminant analysis by Kim (2016) . The third model is the "Altman" model, which is the original Altman z-score model. Next, based on the model scores generated by these models, a power curve is constructed, the accuracy ratio is computed in order to compare model powers, and the most powerful model is determined.
A. Power Curve
A power curve is a measure that evaluates model power via the relationship between the cumulative percentage of sample firms excluded from the data set and the cumulative percentage of default firms excluded from the data set. Given a percentage of firms excluded from the same data set, if a model excludes a higher percentage of default firms than other models, the model is regarded as more powerful than others. Accordingly, a "perfect" model is the one that gives all default firms worst scores than non-default firms. In contrast, a "random" model is the one that eliminates default firms at the same rate as non-default firms. That is, a random model is the 45-degree line on the graph that shows the relationship between the percentage of default firms excluded ( y axis) and the percentage of sample firms excluded ( x axis).
The power curve is constructed as follows. First, scores from an estimated model are sorted from worst to best. Second, a certain percentage of the sorted scores are repeatedly excluded from the worst until all scores are removed. 42) At the same time, the percentages of sample firms and default firms excluded are cumulatively computed. Third, the power curve is drawn using the result of computation. Following these procedures, the scores are computed from the three models -the final default model (Probit Default Korea model), the new Altman z-score model (New Altman Korea model), and the original Altman z-score model (Altman model) -with a single data set (108 default and 381 non-default firms), and a power curve for each model is constructed, as shown in Figure 1 .
In the graph, the power curve of the Probit Default Korea model is furthest away from the 45-degree line, which indicates that the model performs better than the other two. With less than 20% of the sample excluded, there is almost no difference between the new Altman Korea model and the Altman model. In most parts above 20%, the curve suggests that the former has a little higher model power than the 42) Each time, lowest 20 scores (firms) from 489 (about 4%) in the sample are excluded, except for the final removal (9 firms).
latter. This is consistent with the argument made in Section Ⅱ that the original Altman z-score model is less powerful than the new Altman z-score model in classifying Korean firms. 43) Therefore, it can be concluded that the Probit Default Korea model is most powerful, followed by the new Altman Korea model and the Altman model. Next, scores are computed from the three models with the same data set (420 Obs.) used in the estimation of the final default model for US firms. The first model is the Probit Default US model, which was estimated as the final default model from the default probit regression in Table 6 . The second model is the New Altman Korea model, which was estimated using the discriminant function analysis for Korean firms by Kim (2016) . 44) The third model is the Altman model, which is the original Altman z-score model. The second and third models are the same ones used for comparing model powers for Korean firms. Table 8 summarizes 43) Model power is generally expected to decline when a model is applied to a different sample or an "out-of sample". Thus, the higher power of the new Altman z-score model may be ascribed to using "in-sample" data (489 firms). 44) As the Altman's z-score model is previously applied to Korean firms in the comparison of model, the new Altman z-score model is applied to US firms. the composition of variables, methodology, and data for these models. Based on the scores generated by the three models with a single data set (84 default and 336 non-default firms), power curves are drawn, as shown in Figure  2 . The new Altman Korea model is located closest to the 45-degree line, which implies that it has the lowest level of model power. This is not surprising since the application of the new Altman Korea model to another sample set (US firms) likely reduces its predictive power.
The difference in model power between the Altman model and the Probit Default US model is not apparent due to the similarity in their power curves, which implies that the final default model, which is found to be the best representative for US firms, is as powerful as the original Altman z-score model. 45) 
B. Accuracy Ratio
As shown in Figures 1 and 2 , the power curve provides visual and qualitative assessments of model performance. However, it is difficult to compare overall model powers, especially when power curves have similar shapes. Therefore, the curve is converted into a numerical metric (accuracy ratio) to measures comparative performance. In other words, the accuracy ratio converts the power curve into a single numerical measure that represents the overall 45) The power curves overlap for the most part. However, with less than 20% of the sample excluded, the power curve of the Probit Default US model is located a little bit further away from the 45-degree line than that of the Altman model. With around 40% of the sample excluded, the power curve of the latter is located slightly further away from the 45-degree line than that of the former. Note: The ratios of default and non-default firms are in brackets. The percentage in parentheses is the accuracy ratio of another "Probit Default" model (Model B) in Table 3 . There is no significant difference in model power between Model A and Model B. The accuracy ratio is defined as a ratio of the area (B) below the power curve and the area above the random model (A + B). Hence, the higher the accuracy ratio, the more powerful the model. 46) The area under the power curve is approximated using the Riemann sum method because the power curve is drawn by discrete coordinates, i.e., it is not a continuous function. First, the right Riemann sum and the left Riemann sum are separately computed at each coordinate point, and then averaged. 47) The accuracy ratios from the power curves for Korean firms are summarized in Table 9 . As shown in the first row, the model power ranks are consistent with the order graphically found in Figure 1 . The Probit Default Korea model is identified as the most powerful with 60.08% model power, followed by the New Altman Korea model (51.82%) and the Altman model (51.14%). This finding supports the claim that using z-score as one of the predictors and incorporating additional default information from other significant default factors (non-financial variables) into the default prediction model can help improve the model performance.
Next, in order to evaluate the robustness of the model performance, accuracy ratios are computed on k subsamples and a k-fold "out-of sample", following the procedures of Moody's "k-fold test".
46) The accuracy ratio of the perfect model would be 100%, whereas the accuracy ratio of the random model would be 0%. 47) Since the power curve is monotonically increasing, the right Riemann sum is overestimated, whereas the left Riemann sum is underestimated. This is the reason for taking the average of the two Riemann sums.
First, 108 default and 381 non-default Korean firms are equally divided into 3 subsamples, each subsample consisting of 36 default firms and 127 non-default firms. 48) This produces 3 different subsamples with an identical default rate (about 0.22). Second, by estimating the new default model with two of the three subsamples and computing the scores for the remaining subsample, an accuracy ratio on the latter is obtained. These procedures are performed three times for all combinations. Lastly, the scores for each remaining subsample are combined, and an accuracy ratio on the 3-fold "out-of-sample" is computed, which is the "3-fold overall" accuracy ratio. Table 9 summarizes the accuracy ratio on each subsample and the 3-fold out-of-sample computed from the three models. 49) Overall, the accuracy ratios on the subsamples are relatively stable and close to those on the initial in-sample in each model, which implies that no subsample affects the model power. Moreover, the model power ranks for the 3-fold out-of-sample do not digress from those for the initial in-sample. The Probit Default Korea model with an accuracy ratio of 57.88% is still the most powerful, 48) In selecting subsamples, the first observation in each group from the sample is assigned to subsample 1, the second observation to subsample 2, the third observation to subsample 3, the fourth observation to subsample 1 again, the fifth observation to subsample 2, the sixth observation to subsample 3, and so on. 49) Instead of re-estimating the new Altman z-score model and the original Altman z-score model from two subsamples, the initial models are used in scoring each subsample because the data set for the original Altman z-score model is unavailable. As a result, the accuracy ratios of these models on both the initial in-sample and the 3-fold out-of-sample are identical. Notes: The ratios of default and non-default firms are in brackets. The percentage in parentheses is the accuracy ratio via another "Probit Default" model (Model A) in Table 6 . There is no significant difference in model power between Model A and Model B. In sum, among the three default models, the Probit Default Korea model provides the highest model power, followed by the New Altman Korea model and the Altman model. This suggests that the non-financial factors such as SBC, age of a firm, ownership structure, and export ratio that are found to be significant in the default model can help improve the model power.
Next, based on the power curves for US firms, an accuracy ratio for each model that measures comprehensive model power with a single numerical unit is computed and presented in Table 10 . The results in the first row indicate that the model power ranks are consistent with the results obtained from power curves. That is, for the initial "in-sample" consisting of 420 observations, the New Altman Korea model is the least powerful with 55.28% model power, and the power of the Probit Default US model is almost equivalent to that of the Altman's z-score model. It is found that the former provides slightly worse performance than the latter. However, the accuracy ratio (60.29%) of another Probit Default US model (Model A) in Table 6 in subsection D of Section Ⅲ shows slightly better performance than that (60.20%) of the Altman model, which implies that the additional information from the significant factors such as SBC and inventory ratio found in the full default regression may also help improve the model power for US firms.
Finally, the robustness of model performance is evaluated using Moody's "k-fold test". The initial sample is divided into three equal subsamples with an identical default ratio (20%) and the accuracy ratio of each subsample is computed by applying to each the new estimated models from the other two subsamples. Table 10 summarizes the accuracy ratios of each model when applied to the subsamples and the 3-fold "out-of-sample". It shows that the accuracy ratio of each subsample does not vary significantly compared to the accuracy ratio of the initial "in-sample", which implies that none of the subsamples influence the model performance. Moreover, the accuracy ratio for the combined 3-fold out-of-sample is very similar to that for the in-sample, and the model power ranks do not change among the three models. 50) This suggests that the model performance is quite robust across the data set.
Ⅴ. Conclusion
Many studies in the existing literature examine the significant determinants and the predictive models of bankruptcy. Similarly, this paper also explores the most important default factors by estimating probit 50) When applied to both the 3-fold out-of-sample and the initial in-sample, the accuracy ratios of the two Altman models appear to be identical for the same reason as noted for Korean firms in footnote 49.
default models for manufacturing firms in Korea and the U.S. in the sample periods of 1991-2001 and 1991-2003, respectively . In addition to other potential default factors, this study incorporates the z-score as one of the factors into the probit model. This is because the z-score, which reflects the overall financial situation of a firm as well as its non-financial aspects, such as ownership and soft budget constraint (SBC), may help improve the ability to predict the likelihood of bankruptcy. A probit default model is constructed based on significant factors and its predictive power is compared with those of other bankruptcy models, such as the new Altman z-score model and the Altman's z-score model. For Korean firms, probit regression indicates that z-score, SBC, leverage, including short-and long-term debts, and short-term bank loans are the most significant default factors. Debts, especially bank loans have emerged as important factors in Korea as the financial market liberalized domestically and internationally in the 1990s. Unobserved bad or short-term loans from banks put highly leveraged firms, particularly SBC firms, in financial trouble and at a high risk of bankruptcy. In addition, age of a firm, export ratio, and concentration of ownership are also identified as significant determinants of default.
For US firms, z-score, leverage, short-term debt, and inventory are found to be the most significant default factors. Although SBC is identified as a significant factor in some cases, SBC and ownership concentration do not appear to be significant overall. This may be due to the fact that a relatively poor proxy for SBC is used for US firms and that US lenders, given a better quality of institutions, have more information concerning the ability of financially troubled firms to pay back their loans. Moreover, because US institutions have more diversified ownership structures, they may be less prone to tunneling by insiders.
These results for Korean and US firms help shed light on how propensity to corporate default differs in the two countries. Based on the significant default factors found from probit regression analyses, a default model is constructed to outperform existing default prediction models such as the new Altman z-score model and the Altman's z-score model. To this end, in addition to other significant default factors, z-score is incorporated into the model as one of the explanatory variables, which may provide additional information for predicting bankruptcy. The power of the probit default model is compared with those of the two Altman z-score models using Moody's two power metrics: the power curve and the accuracy ratio. It is found that the probit default model possesses the highest level of predictive power for both Korean firms and US firms. These findings suggest that the additional bankruptcy information gained from the significant financial and non-financial default factors can help improve the power of a default prediction model.
